ABSTRACT Additive manufacturing (AM) provides a greater level of flexibility to produce a 3-D part with complex geometries directly from the design. However, the widespread application of AM is currently hampered by technical challenges in process repeatability and quality control. To enhance the in-process information visibility, advanced sensing is increasingly invested for real-time AM process monitoring. The proliferation of in situ sensing data calls for the development of analytical methods for the extraction of features sensitive to layer-wise defects, and the exploitation of pertinent knowledge about defects for in-process quality control of AM builds. As a result, there are increasing interests and rapid development of sensor-based models for the characterization and estimation of layer-wise defects in the past few years. However, very little has been done to go from sensor-based modeling of defects to the suggestion of in situ corrective actions for quality control of AM builds. In this paper, we propose a new sequential decision-making framework for in situ control of AM processes through the constrained Markov decision process (CMDP), which jointly considers the conflicting objectives of both total cost (i.e., energy or time) and build quality. Experimental results show that the CMDP formulation provides an effective policy for executing corrective actions to repair and counteract incipient defects in AM before completion of the build.
I. INTRODUCTION
Additive manufacturing (AM) is a process to build complex 3D parts from computer-aided design (CAD) models through layer-upon-layer deposition of materials. AM provides significant advantages over traditional subtractive (machining) and formative (casting, molding) manufacturing processes, such as reducing material waste, eliminating specialized tooling cost, and enabling the creation of intricate and free-form geometries. It has been estimated that the global market for AM processes and services will reach around $50 billion by the year of 2031 [1] . However, the widespread application of AM is currently hampered by technical challenges such as the lack of ability to realize real-time quality control. For example, process variations and uncertain factors significantly impact the microstructure and mechanical properties of AM builds, which will further lead to internal defects deteriorating the build hardness, strength, and residual stress. Due to the high-level complexity of AM processes, advanced sensing systems (e.g., thermal camera, high-speed optical camera, photodetector, pyrometer, acoustic emission) are increasingly invested for real-time AM process monitoring and quality control. Advanced sensing brings a proliferation of complex-structured data with nonlinear and nonstationary patterns. Realizing full potentials of in-situ sensing data depends on the development of analytical methods for the extraction of features sensitive to layer-wise defects, and the exploitation of pertinent knowledge about defects for in-process quality control of AM builds. As a result, there are increasing interests and rapid development of sensor-based models for the characterization and estimation of layer-wise defects in the past few years. However, very little has been done to go from sensor-based modeling of defects to the suggestion of in-situ corrective actions for quality control of AM builds.
Indeed, the ability to mitigate incipient defects is critical to mandating stringent standards for both product esthetics and functional integrity in AM industries. The hybrid AM machines provide an opportunity to take corrective actions and improve the quality of AM build [2] . For example, if an AM layer is highly defective (i.e., with a high probability to contain defects), the hybrid machine can take an action to remove such layers (i.e., machining off the highly defective layer, denoted as a M ). If a layer has defects due to lack of fusion, the laser can be used to re-fuse and mitigate such defects (i.e., denoted as a L ). If an AM layer is with the low defect level (i.e., with a small probability to contain defects), the process will continue and no corrective action is taken (i.e., wait and do nothing, denoted as a W ). The choice of corrective actions will affect the evolving dynamics of defect states of the next layer and, through that, all subsequent layers, as illustrated in Fig. 1 . Sequential optimization of AM processes is urgently needed to consider the uncertainty in transitions from layer to layer and minimize the expected cumulative cost through all layers. However, sequential optimization of AM builds is a challenging task because of conflicting criteria, i.e., minimizing total energy (or time) cost consumed in the manufacturing process and maximizing the quality of final builds. For example, if corrective actions are taken too often, the total cost will be high although the build quality reaches the satisfactory level. If we decrease the frequency to take corrective actions, less energy will be consumed and, equivalently, the time to complete the build will be shortened, but there is a higher probability to yield a defective build. Very little has been done to develop an optimal sequential decision-making strategy for AM control with the consideration of conflicting objectives in both energy (or time) and quality. There is an urgent need to develop new decision-making models that help sequentially optimize the quality of AM builds while minimizing the cost in energy (or time).
This paper presents a constrained Markov decision process (CMDP) framework to sequentially optimize AM processes by minimizing the total cost and, at the same time, controlling the quality of AM builds. Specifically, we model the variation of layer-wise defect index as a stochastic process to capture the evolving dynamics of AM defects. The defect state and corrective action in each layer will impact the defect condition of the next layer and, through that, all subsequent layers. Therefore, we propose a CMDP framework for the sequential optimal control of AM processes. The CMDP model is further utilized to derive an optimal control policy based on the series of defect-state index estimated from layer-wise images in a metal AM application. Experimental results show that layer-wise AM defects are effectively controlled under the CMDP policy, i.e., being mitigated before they reach the non-recoverable stage.
The rest of this paper is organized as follows: Section II introduces the research background of sensor-based monitoring and control of AM processes. Section III presents the research methodology that integrates sensor-based defect estimation with the CMDP framework for sequential AM optimization. Section IV shows the numerical experiments. Section V concludes this paper.
II. RESEARCH BACKGROUND A. SENSOR-BASED MONITORING OF AM PROCESSES
In current practice, the quality of an AM build is commonly examined by post-build inspection techniques such as X-ray computed tomography (XCT) and scanning optical microscopy [3] - [5] . Such post-build inspection is well known to be expensive and time-consuming, and is not applicable for online quality control. The lack of in-situ quality assurance in AM parts hinders the widespread application of AM processes. Therefore, modern industries are increasingly investing in advanced sensing systems to cope with the high-level complexity of AM processes.
As shown in Table 1 , there are a number of sensing systems developed for AM process monitoring, including optical camera, thermal camera, photodetector, pyrometer, acoustic emission, and optical emission. Foster et al. [6] developed an optical layer-wise imaging system to monitor the laserpowder-bed-fusion (LPBF) AM process in the Center for TABLE 1. Sensing systems and analytical methods for defect detection in LPBM AM. VOLUME 6, 2018 Innovative Metal Processing through Direct Digital Deposition (CIMP-3D) at the Pennsylvania State University. This imaging system consists of a 36.3 megapixel DSLR camera that is placed inside the chamber of EOS M280 machine. It has been further implemented to identify and characterize defects caused by lack-of-fusion in the LPBF process [7] . Krauss et al. [8] proposed a real-time thermographic system using infrared cameras to monitor the selective laser melting process. This thermal system is implemented for layer-wise monitoring of the dynamic temperature distribution to identify hot spots in the early stage, which helps to avoid process interrupts.
In addition to imaging systems, Furumoto et al. [9] developed an in-situ system to monitor the layer-wise surface temperature using a two-color pyrometer in selective laser sintering and selective laser melting processes. Wang et al. [10] presented in-situ monitoring approach using the acoustic emission technique to investigate the crack generation and propagation during laser cladding process. Liu et al. [11] proposed a real-time sensing system using the optical emission spectrometer to monitor the temperature of the molten pool in the laser hot-wire cladding process. Lane et al. [12] combined an array of photodetector sensors with a thermal camera to investigate process variations in LPBF AM. For a comprehensive review of metal-based AM sensing system, see, e.g., [13] - [16] .
B. SENSOR-BASED CHARACTERIZATION AND IDENTIFICATION OF AM DEFECTS
Advanced sensing brings a large amount of complexstructured data with nonlinear and nonstationary patterns. There is an urgent need to develop analytical methods for the extraction of features sensitive to layer-wise defects in AM builds. Recently, there are increasing interests in the development of sensor-based models to extract effective and sensitive features from the big sensing data to identify and characterize layer-wise defects in AM builds. Montazeri et al. [24] proposed a spectral-graph approach to study the photo-detector sensor signature for the identification of defects caused by material cross-contamination in LPBF AM process. Dunbar and Nassar [19] proposed a line-to-continuum approach to investigate the relation between process settings, sensor outputs, and build quality in PBF-AM using the optical emission spectroscopy. This approach has also been implemented for defect detection in the directed energy deposition (DED) processes [20] .
In addition, Khanzadeh et al. [23] studied the melt-pool images and developed self-organizing maps to predict porosity in DED processes. Yao et al. [25] and Imani et al. [29] developed a multifractal analysis approach to identify and characterize layer-wise defect states from the surface images in LPBF-AM builds. Liu et al. [30] proposed an augmented Gaussian Cox process model to study the CT-scan images and quantify the layer-wise evolution of porosity in AM parts. Gobert et al. [31] utilized the support vector machine to extract multi-dimensional defect features from layer-wise images captured by a high-resolution DSLR camera. Vandone et al. [32] proposed a multisensor approach to combine melt pool images with the 3D geometry from offline quality inspection for the DED process modeling.
Sensor-based models provide effective and sensitive features to identify and characterize layer-wise defects in AM builds, but are less concerned about in-situ corrective actions for the closed-loop control of AM processes. The defect condition and corrective action taken at each layer will significantly affect the next layer and all subsequent layers. Thus, there is an urgent need to develop a sequential strategy to account for the uncertainty in transitions from layer to layer and optimize the AM build quality.
C. AM PROCESS CONTROL
Rapid advances in sensing systems facilitate the development of new methods for AM process modeling and control, including the ON/OFF controller [33] , proportional-integralderivative (PID) controllers [34] , and a fuzzy logic-based controller [35] , which focuses on improving the geometrical characteristic of AM parts. Also, Song and Mazumder [36] proposed a predictive control strategy to track and stabilize the melt pool temperature to a reference temperature profile in a laser cladding process. Craeghs et al. [37] built a feed-back controller using optical sensors to continuously monitoring the melt pool and optimize process parameters in the layer-wise laser melting process. Most of existing works focus on the modeling of defect conditions and process parameters (i.e., laser power, deposition thickness, hatch spacing), as well as the selection and stabilization of process parameters for the AM build. Those methods are less concerned about the uncertainty in the evolving dynamics of defect states from layer to layer, and do not account for the sequential decision making to mitigate incipient defects in AM processes.
The hybrid AM machines provide a set of corrective actions (e.g., machining-off, laser re-fusion) for the mitigation of AM defects in real-time before the completion of the build. Such corrective actions are different from the adjustment of process parameters. Rather, they provide an opportunity to repair a layer before proceeding to the next layer under the condition that process parameters are already set to be optimal. Note that Yao et al. [38] proposed a Markov decision process (MDP) framework to sequentially optimize the PBF AM process. However, the existing MDP models focus on a single objective and do not specifically consider the conflicting criteria in AM, i.e., minimizing total energy (or time) cost consumed in the manufacturing process and maximizing the quality of final builds. Little has been done to develop an optimal sequential strategy by considering the conflicting objectives in both energy and quality.
III. RESEARCH METHODOLOGY
This section presents a sequential framework of constrained Markov decision process (CMDP) to control the quality of AM builds. As shown in Fig. 2 , we first extract defect features from the layer-wise AM images captured by the optical imaging system developed in the CIMP-3D at Penn State [6] . Second, we model the evolving dynamics in the defect condition of AM layers using as a Gaussian process. Finally, we derive the optimal AM control policy through a CMDP framework by considering both energy (or time) cost and build quality. The effective AM process monitoring and build quality control are vertical steps to mitigate incipient defects, reduce rework rates, and further guarantee the economic viability of AM.
A. SENSOR-BASED MODELING OF AM DEFECTS
As shown in Table 1 , a variety of analytical methods have been developed to analyze in-situ sensor data from AM processes and extract features that are sensitive to the layer-wise defects. Let θ t = [θ t1 , θ t2 , . . . , θ tp ] denote the vector of defect features, where t ∈ {1, 2, . . . , T } is the layer index, and p is the dimensionality of feature vector. Generally, it is assumed that θ t approximately follows the multivariate normal distribution, i.e., θ t ∼ N p (µ, 0 ), if the process is in control. Here, we propose to compute the composite index to represent the layer-wise defect condition as:
whereθ is the sample mean and is the sample variance. The defect index s t simultaneously accounts for multi-dimensional variations among the defect conditions of layer t. The layer-wise structure of AM build then leads to a sequence of defect states in the form of stochastic signals as illustrated in Fig. 3 . Given a large sample size, s t approximately follows a χ 2 p distribution if the dimensionality of features p > 10.
Further, we define the defect state by equiprobable division of the distribution of defect index s t into l bands, as shown in Fig. 3 . The breakpoints for l equiprobable bands are defined as a sorted list of boundary values B = {β 1 , β 2 , . . . , β l−1 } such that the area under the density curve between β i and β i+1 is 1/l. For the distribution of χ 2 p=20 , the breakpoints for three equiprobable bands (i.e., l = 3) are β 1 = χ 2 1/3,p=20 = 16.7884 and β 2 = χ 2 2/3,p=20 = 22.1331. In addition, we model the evolving dynamics underlying the layer-wise defect states as Gaussian process. The predictive model is constructed by taking into account previous observations of the defect state. Specifically, the model input is defined as ω t = [s t−τ , s t−τ +1 , . . . , s t−1 ], and s t is the model output, i.e.,
where f (·): R τ → R is an unknown scalar function with a multi-dimensional input vector ω t ∈ R τ , and ∼ N (0, σ 2 ) denotes the Gaussian noise with zero mean and variance σ 2 . The task is to infer the unknown function f (·) given the input and noise observations. For a collection of inputs:
T , there is a corresponding functional random variables: f = [f 1 , f 2 , . . . , f n ] T , whose joint probability distribution is assumed to be Gaussian distribution, i.e..,
wheref is the mean function, and K is the covariance matrices, and is generally assumed to be in the form of squared exponential to guarantee that cases with nearby inputs will have highly correlated outputs. The hyper-parameters in Eq.(3) are given by the maximum likelihood estimation. Given the observation history of defect index s − = {s 1 , s 2 , . . . , s t−1 } and the corresponding input − , prediction VOLUME 6, 2018 of the distribution of s t is expressed as
The predictive distribution of s t is given by
where
The transition probability in the defect state space from layer t − 1 to layer t is then defined as:
where s t ∈ [β j−1 , β j ) ∼ d j , and φ is the cumulative density function of the standard normal distribution. The prediction model is utilized to recursively update the distribution of defect index s t and to further develop the CMDP framework for sequential AM control.
B. CONSTRAINED MDP MODELING OF AM PROCESSES
Markov decision process (MDP) helps to derive the optimal policy by minimizing the expected cumulative cost or maximizing expected rewards for a sequential decision-making problem in the stochastic environment. The MDP has been used previously to sequentially optimize the maintenance of engineering systems [39] , [40] . Note that the MDP framework commonly focuses on a single objective, and is less concerned about conflicting objectives as in the AM processes (i.e., minimizing total cost -energy or time, as well as maximizing the build quality). Hence, there is an urgent need to develop multi-objective optimization models for handling the sequential decision-making problem in AM control. Constrained-MDP (CMDP) is an efficient approach for sequential optimization with the considering of conflicting objectives [41] . It has been previously implemented for risk analysis in finance [42] and path planning in vehicle swarm coordination problem [43] , but very little has been done for the quality control of AM processes. In this paper, we propose a new CMDP framework to determine the optimal policy that minimizes the total energy (or time) cost and guarantees the quality of AM builds. The CMDP formulations are described as follows:
1) STATE SPACE
The state space is defined as S = (T , D), where T = {1, 2, . . . , T } is the set of layer index, and D is the set of defect states, i.e., d 1 , . . . , d l , which is structured in the increasing order of defect levels (i.e., d 1 is the lowest defect level, and d l denotes the highest defect level).
2) ACTION SPACE
The action space is defined as A = {a M , a L , a W }, where a M denotes the action of machining off a layer with the cost of c M , a L is the action of laser re-fusion with the cost of c L , and a W represents the action of waiting (i.e., doing nothing) with the cost of c W .
3) DECISION POLICY
The decision rule at layer t is denoted by Q t (d t , a) , which is defined as the probability of selecting action a ∈ A given the defect state d t at layer index t.
4) STATE TRANSITION
Let P a t (d t+1 |d t ) be the transition probability from state d t of layer t to state d t+1 of layer t + 1 under the action a ∈ A . Given the decision policy Q t (d t , a), the state transition is then defined as
Let the vector
, where 1 is a vector of 1's) represent the probability distribution of defect states d t ∈ {d 1 , . . . , d l } at layer t, which means the probability of defect index s t staying in the defect state d i is x ti . Then, x t evolves according to:
The CMDP model is formulated as follows:
where Q t is the decision matrix for layer t, v T is the expected total cost in energy or time, c t (
is the immediate cost at layer t, and c T is the terminal cost at the final layer T . The first set of constraints guarantees that the probability of each defect state is bounded by a predefined upper bound h and 0 ≤ h ≤ 1. The last two sets of constraints guarantee each row of Q t to be a valid probability distribution.
C. DYNAMIC PROGRAMMING TO SOLVE CMDP
If the upper-bound constraint (i.e., x t ≤ h) is deleted in the CMDP model of Eq. (7), then the rows of Q t are independent and not correlated. As such, the CMDP model can be solved by dynamic programming with simple backward induction. However, due to the upper-bound constraint on the distribution of defect density, the rows of Q t are correlated in the formulation through state transition in Eq. (6) . As a result, simple backward induction is not applicable here to solve the CMDP model. In this subsection, we provide a feasible control policy by solving the CMDP model using dynamic programming for the worst-case scenario of initial distribution of defect states. Specifically, the algorithm is summarized as follows:
• Step 1: Set the cost vector of defect states at layer T as U T = c T
•
Step 2: For t = T − 1, . . . , 1, given U t+1 , compute the control policy for layer t by solvinĝ
The cost vector of defect states at layer t is
• Output: control policy π * = {Q 1 ,Q 2 , . . . ,Q T −1 } and the expected total cost v * T ≤ x T 1 U 1 . Theorem 1: The control policy derived from the above algorithm guarantees that the expected total energy or time cost is smaller than an upper bound, i.e., v
e., the expected cost when t = T ), and the expected cost at t is defined as g t (x t ) = min Q t {x T t c t (x t , Q t ) + g t+1 (M t x t )}. Therefore, the expected total cost for the whole process is v T = g 1 (x 1 ) through the backward accumulation. Next, we will prove g t (x t ) ≤ x T t U t by mathematic induction. Because the upper bound g T (x T ) ≤ x T T U T is true for t = T , if it is also true for t + 1, i.e., g t+1 (x t+1 ) ≤ x T t+1 U t+1 , then we have
According to mathematic induction, we have v * T = g 1 (x 1 ) ≤ x T 1 U 1 , which completes the proof.
D. DERIVATION OF Q t BY LINEAR PROGRAMMING DUAL THEORY
The computation of Q t in Eq. (8) pose a significant challenge on implementing the proposed backward dynamic programming to solve the CMDP model. Note that the formulation of min-max linear programming (LP), due to the interaction term of M t (Q)x, cannot be simply solved by the conventional min-max LP algorithms. In this subsection, we will detail how to solve Q t using the LP dual theory.
Theorem 2:
If the min-max LP problem in Eq. (8) is transformed into the equivalent LP formulation below:
Then, the control policy Q t is obtained.
, the max LP in Eq. (8) can be represented as:
The corresponding dual problem becomes
Considering arg min in Eq. (8), the allowable domain of Q can be represented by linear inequalities so as to formulate a minimization LP problem. Note that the probability upper bound of each defect state holds if and only if the following condition holds:
which ensures that the probability distribution of defect states satisfies the upper-bound constraint at current layer t as well as at next layer t + 1 after state transition. The dual of the i th LP in Eq. (12) is formulated as
where e i is a unit vector whose i th element is 1. Adding the surplus variables γ and ρ, the LP in Eq. (13) becomes
According to the strong dual property, the optimal objective value of Eq. (15) equals to that of Eq. (12) . Note that the optimal objective value of Eq. (12) satisfies the upper-bound constraint, which means the optimal value of Eq. (15) needs to VOLUME 6, 2018 satisfy the same constraint, i.e, h T (M T (Q)e i −1w+γ )+w ≤ h i . Thus, the LP problem in Eq (12) can be equivalently formulated as
Combining Eq. (16) with Eq. (11) completes the proof.
IV. NUMERICAL EXPERIMENTS
We implement the proposed CMDP framework to derive the optimal control policy for AM processes. The layer-wise imaging data are acquired from the LPBF process of an AM build as illustrated in Fig. 4(a) . Each AM image is characterized by 7360×4912 pixels with a pixel size of 12.22µm. The availability of in-situ data enables the extraction of defective features that are sensitive to the variations in quality characteristics of each layer in the build. As aforementioned, sensor-based methods were developed to analyze in-situ AM data, characterize build defects, and extract the layer-wise defect index (i.e., s t ). The resulted continuous defect index s t is then discretized into ten states using the equiprobable method as introduced in Section II.A. This leads to the defect state space, i.e., D = {d 1 , d 2 , . . . , d 10 }. Note that we use 1, 2, . . . , 10 to denote the defect state d 1 , d 2 , . . . , and d 10 in Fig. 7 .
Three actions are considered in this case study, i.e., a Mmachining off, a L -laser re-fusion, and a W -wait and do nothing, with the corresponding cost of c M = 10, c L = 4, and c W = 1. We define the terminal cost at the final layer as c T = [1, 1, 1, 1, 50, 50, 50, 100, 100, 1000] for the increase levels of defect states d 1 ∼ d 10 . In other words, we assign a relatively high terminal cost to the final layer that is with a higher probability of failure. If the defect state is no higher than d 4 , the cost is as small as 1. During the printing process, it is desirable to control the layer-wise build quality, i.e., reducing the probability of AM layers to enter high-defect states. As such, we define the probability upper bound as h = [1, 1, 1, 1, 0.1, 0.1, 0.1 Fig . 5 shows the control policy derived from the proposed CMDP framework. Note that if the defect index s t locates in the region below the green and red step curves, the optimal action is to wait and let the AM process continue operating (i.e., a W ). If s t exceeds the green step curve and is in the green area, the action a L is chosen to fuse the defective region again using the laser. Otherwise, if s t is high and goes beyond the red step curve into the red region, the policy will choose the expensive but more effective action a M , i.e., machining off the entire layer that is highly defective. Fig. 6 shows the performance comparison between MDP and CMDP policies. Note that the average probability in the low-defect states (including d 1 , d 2 , d 3 , and d 4 ) over time under the CMDP policy is 0.9217±0.0441, which are significantly higher than that under the MDP policy 0.4948±0.0315. Moreover, the average probability in the median-defect state (including d 5 , d 6 , and d 7 ) and high-defect state (including d 8 and d 9 ) over the printing process under the MDP policy is 0.4452±0.1068 and 0.0486±0.0346, respectively, both of which are much bigger than that under the proposed CMDP policy of 0.0781±0.0161 and 1.6 × 10 −4 ± 6.8 × 10 −5 . It may also be noted that the average probability to enter the highest defect state (i.e., d 10 ) is 2.3 × 10 −6 ± 1.5 × 10 −6 during the building process under CMDP policy, which is much lower than 0.0114±0.0073 under the MDP policy. If we assume the AM build fails whenever any of its layers goes beyond d 10 , the failure probability under CMDP policy is 1 − (1 − 2.3 × 10 −6 ) 100 = 0.023% for a 100-layer build, but is 1 − (1 − 0.0114) 100 = 68% under the MDP policy. Thus, the quality of AM builds is controlled more effectively and has a lower probability of failure under the CMDP policy than that under the MDP policy. Fig. 7 shows the variations of CMDP policies with respect to the ratio of c L (i.e., cost of a L ) over c M (i.e, cost of a M ). Fig. 7(a) shows that the control limit of a L increases as c L /c M increases, while that of a M decreases as shown in Fig. 7(b) . This is due to the fact that after the action a M (i.e., machining off the entire layer), there will be a higher chance to enter the low-defect states than by fusing the layer again with laser. If the ratio c L /c M increases (i.e., the cost of laser re-fusion becomes comparable to the cost of machining off), the optimal policy is to take the more-effective action a M rather than taking the less-effective action a L with a comparable cost.
V. CONCLUSIONS
In this paper, we formulate the in-situ AM quality control as a sequential decision-making problem through the CMDP framework. As sensor-based analytical methods have been developed to provide effective and sensitive defect features for each layer in the AM build, we propose to compute the composite index of defect characteristics in each layer that simultaneously considers multidimensional variations among these features. Further, we model and predict the stochastic evolving dynamics of defect states from one layer to the next as a Markov process. Then, we derive the sequential control policy to optimize the build quality through the CMDP framework, which jointly considers the conflicting objectives of total cost (i.e., either energy or time) and build quality. Experimental results show that the CMDP formulation provides an effective policy for executing corrective actions to repair and counteract incipient defects in AM before completion of the build. The probability to contain embedded defects in the AM build is much smaller (i.e., 0.023% for a 100-layer build) than the traditional MDP policy (i.e., 68%). The proposed sequential optimization framework has great potentials for real-time defect mitigation and quality control of AM builds.
